Background. Plasmodium falciparum is responsible for severe malaria, including pregnancy-associated malaria (PAM). During intra-erythrocytic maturation, the infected erythrocyte (iE) membrane is modified by insertion of parasite-derived proteins, primarily consisting of variant surface antigens such as P. falciparum erythrocyte membrane protein-1.
Within the erythrocyte, Plasmodium falciparum reshapes the host cell, inducing knobs formation. These knobs are responsible for alterations in morphology and deformability of the infected erythrocyte (iE) [1, 2] , increase the rigidity of the erythrocyte membrane and prevent the passage of iEs through small capillary blood vessels from the spleen [1] . The major protein present in knobs is knob-associated histidin-rich protein [3] , which is involved in the export of variant surface antigens (VSAs) such as Plasmodium falciparum erythrocyte membrane protein-1 (PfEMP1). Another major knob protein is mature parasite-infected erythrocyte surface antigen, which is involved in destabilizing the erythrocyte membrane skeleton [4, 5] .
VSAs play an essential role in the host-parasite interface during the intra-erythrocytic cycle [6, 7] . Among VSAs, the 2 major families of proteins are RIFIN and PfEMP1. These proteins are coded by multigene families, the repetitive interspersed family (rif ) and var genes. The rif genes are abundant, with 200 copies in the genome; they code for the transmembrane RIFIN proteins on the erythrocyte surface, which are targets of the immune response, but their function is yet unknown [8] . Unlike var genes, several rif genes may be concomitantly expressed on the surface of iEs [9] .
Sixty var genes in each genome encode for PfEMP1 proteins, which vary in size but are generally 250-350 kDa [10] . These PfEMP1 are adhesines capable of adhering to endothelial cells or to circulating blood cells. These adhesion mechanisms are in direct relation with the severity of the disease [6] . During pregnancy-associated malaria (PAM), a particular variant of PfEMP1, VAR2CSA, is involved in disease pathogenesis. Only parasites that express VAR2CSA, encoded by the var2csa gene [11] , sequester in the placenta, which is the principal site of sequestration of P. falciparum iE during pregnancy.
Several hypothetical proteins have been identified in transcriptomic studies as overexpressed in PAM samples [12, 13] , but few have been validated by localization or proteomic studies. The single study linking transcriptomic and proteomic data from malaria isolates identified a subset of genes or proteins differentially expressed between cerebral malaria and PAM [14] . A proteomic study of iE membrane proteins from placental P. falciparum isolates [15] identified proteins with a low score of identification and a reduced number of peptides, probably a consequence of the relative reduced amount in parasitic proteins. Indeed, parasite proteins are embedded in a much more abundant mass of proteins from the erythrocyte membrane skeleton, impairing the identification of parasite proteins by mass spectometry (MS).
The aim of this work was to compare the expression profiles of membrane proteins involved in knobs structure from isolates associated with 2 distinct clinical presentations of malaria, PAM and uncomplicated malaria (UM), using a proteomic approach. Filter-based feature-selection methods combined with supervised data analysis identified a subset of 53 proteins that distinguished PAM and UM samples with high classification accuracy. Among those, VAR2CSA was associated with PAM, validating our experimental approach. Five other proteins were also clearly associated with PAM parasites: PFI1785w, PF14_0018, PFB0115w, PFA_0410w, and PFF0325c.
METHODS

Ethics Statement
Ethical clearance was obtained from the institutional ethics committee of the faculty of Health Science, Abomey-Calavi University. All patients were included after written informed consent was provided by themselves or their guardian. Patients received care and adequate treatment according to the national malaria program policy.
Subject Enrollment and Sample Collection
Patients were enrolled in southern Benin from May 2011 to August 2011. Pregnant women presenting with PAM were included in the Mother and Child Hospital Lagune, Cotonou. UM patients were enrolled at the health center in Come, 70 km from Cotonou.
UM was defined as the combination of fever (tympanic temperature ≥37.8°C), confirmed presence of P. falciparum in the blood, and absence of any sign of severity, as defined by the World Health Organization [16] . Patients and pregnant women at delivery were screened by rapid diagnostic test for P. falciparum (Malaria Quick Test, Cypress Diagnostics, Langdorp, Belgium). Blood samples (5 mL) were collected in a vacutainer tube containing EDTA, and a placental blood sample was obtained after delivery. Giemsa-stained thick blood film confirmed P. falciparum infection. Thirty-two isolates from UM yielded mature parasites after <18 hours of in vitro culture. Fifteen infected placentas were collected and flushed freshly. The 47 samples (UM and PAM) containing mature parasite forms were depleted from uninfected erythrocytes over a Macs column [17] . Then, samples were lysed [15] and stored at −80°C.
To prepare trypsin-digested peptides, 100 µg of proteins was reduced with 20 mM dithiothreitol (DTT) for 30 minutes at 56°C, then alkylated with 55 mM of chloroacetamide for 30 minutes at room temperature. The precipitate was resuspended in digestion buffer (50 mM ammonium bicarbonate, 2% RapiGest, 20 mM DTT, and 1 µg/µL of trypsin) and digested overnight at 37°C.
Liquid Chromatography With Tandem Mass Spectrometry Analysis
Analyses were performed using a liquid chromatographic system (Ultimate 3000 Rapid Separation; Dionex, the Netherlands) coupled to a hybrid mass spectrometer (Linear Trap Quadrupole-ORBITRAP Velos; Thermo Fisher Scientific, San Jose, CA). Peptides were separated on a C18 RP analytical column (3 µm particle size, 100 Å pore size, 75 µm insider diameter; 50 cm length) with a 240-minute gradient from 99% Buffer A (acetonitrile [ACN] 5%, formic acid 0.1%, and water 95%) to 40% Buffer B (ACN 80%, formic acid 0.085%, and water 20%).
Protein Identification and Compilation of Search Results
All liquid chromatography with tandem mass spectrometry (LC/MS/MS) results were analyzed using Proteome Discoverer 1.3.0 software (ThermoFisher Scientific) in combination with Mascot [18] and Sequest [19] search algorithms. MS/MS data were searched against a database representing the concatenation of NCBI human-NCBI Plasmodium falciparum-Vardom var gene sequences and their respective reverse sequences. Precursor mass tolerance was set to 2 ppm and fragment mass tolerance to 0.45 kDa. False positive probability was <5%. All proteins identified with both database search algorithms (Mascot and Sequest) presenting at least 2 peptides with a score of identification of proteins ≥20 for Mascot and an Xcorr ≥1.5 for Sequest were considered positive hits.
Estimating Absolute Protein Abundance Values
Protein abundance values were determined using the exponentially modified protein abundance index (emPAI) [20, 21] , calculated according to the following formula:
The number of "observable" peptides was calculated from the output of the Protein Digestion Stimulator program (http:// omics.pnl.gov/software/ProteinDigestionSimulator.php). Samples with missing emPAI values for a particular protein were assigned half the minimum emPAI value for that protein [22, 23] . Normalization between samples was performed according to the median of each sample. The emPAI values were then log 2 transformed.
Unsupervised Clustering Analysis
Clustering, or unsupervised learning, aims to group samples on the basis of similarity between the protein expression profiles. Agglomerative hierarchical clustering [24] organizes all data elements into a single tree (or dendrogram), with the highest levels of the tree representing the discovered classes. Samples were clustered using average linkage clustering, with Spearman correlation as the similarity metric. We used k means [25, 26] and self-organizing map [27] , 2 nonhierarchical clustering techniques that partition samples into different clusters without trying to specify the relationship between individual elements. We ran the MacQueen algorithm with 50 trials and used Euclidean distance as the similarity metric. Finally, unsupervised principal component analysis (PCA) [28] was applied to the protein data. The top components were used to illustrate the similarity in protein expression profiles among PAM and UM samples.
Supervised Classification Analysis
Supervised class prediction analysis was performed using 5 machine-learning algorithms to identify the best set of predictors ( proteins) yielding the most accurate class assignments (PAM vs UM): classification tree (CART) [29] , k-nearest neighbors (kNN) [30] , multilayer perceptron neural network (MPNN) [31] , radial basis function neural network (RBFNN) [32] , and support vector machine (SVM) [33] methods. The simplest tree was selected on the basis of the 1 standard error rule, that is, the simplest tree for which the pruning error rate was not significantly higher than that of the optimal tree. We used the Gini index as an indicator of goodness of split in the growing phase; 35% of the samples were used as a separate pruning set in the postpruning process. We chose the heterogeneous Euclidean overlap metric distance in our kNN classifier, with k = 3, and predicted the class by majority vote. The neural architecture parameter of the multilayer perceptron was 1 hidden layer with 20 neurons, and the learning rate was fixed to 0.15. For the support vector regression model with a radial basis function, we used the off-line learning of kernels implemented by Tanagra [34] with default parameters. Finally, we used a linear SVM that implements Platt's sequential minimal optimization algorithm [35] and trained the vector support classifier using a polynomial kernel of degree 2.
Classification accuracy was evaluated by leave-one-out crossvalidation (LOOCV). In LOOCV, 1 sample is excluded from the dataset, and the remaining samples are used to build the classifier. Then the classifier is used to predict the class of the one that was left out. This is repeated for each sample in the dataset.
Filter-based Methods for Feature Selection
The following 3 filter techniques were applied to select the most relevant features ( proteins) that discriminate between PAM and UM samples: Fisher discriminant criterion, runs test, and ReliefF. Fisher filtering is one of the most widely used criteria for supervised feature selection due to its generally good performance. It follows univariate Fisher analysis of variance (ANOVA) ranking, which ranks the input features according to their relevance [36] . Fisher criterion takes the mean and the within-class scatter of the groups into account in order to compare the correlation between features and class label. Runs filtering is a nonparametric test for predictive feature evaluation [37] that performs univariate attribute ranking from the runs test, also known as Wald-Wolfowitz test, and checks a randomness hypothesis for a 2-valued data sequence [38] . In both Fisher and runs filtering, the significance cutoff P value was .05. ReliefF is an extension of the Relief algorithm [39] . We selected proteins with weights that were higher than the mean of positive weights as relevant features. The subsets of features selected by each filter-based method, or by a combination of these, were presented as input to the supervised classification algorithms in order to evaluate their performance. The feature subset with the highest classification accuracy was kept as the final set.
All statistical analyses were performed using GenePattern v3.5 (http://www.broadinstitute.org/cancer/software/genepattern/) [40] and Tanagra v1.4 (http://eric.univ-lyon2.fr/~ricco/tanagra/fr/ tanagra.html) [34] software.
Transmembrane Domain Prediction
All sequences of proteins identified by LC/MS/MS were submitted to transmembrane domains prediction algorithms through http://www.bioinformatics.utep.edu/BIMER/tools/transmembrane. html using 5 algorithms: DAS, HMMTOP, TMpred, TMHMM server2.0, and TopPred 0.01. We considered the prediction of a transmembrane domain by at least 2 algorithms as "correct."
Protein-Protein Interaction Network
The protein-protein interaction network was built using the Search Tool for the Retrieval of INteracting Genes/proteins (STRING 9.0) database [41] at http://string.embl.de/. Proteins overexpressed in PAM were given as input to the STRING database, as well as 4 proteins that the encoding genes identified as being associated with PAM [14] . A search for known and predicted protein-protein interactions was performed using a confidence score of 0.15 and 0.40 (low and medium confidence, respectively).
RESULTS
Clinical Groups
Ten patients with UM (UM group) and 10 pregnant women (PAM group) were included. Among those in the UM group, 2/10 were female, mean age was 12.5 years, and mean parasitemia was 125 068 parasites/µL. Among pregnant women, 2 were primigravidae, mean age was 25.1 years, and mean parasitemia was 69 750 parasites/µL.
Descriptive Data
Ten parasite samples from each clinical group were analyzed by LC/MS/MS, and proteins were identified using 2 database search algorithms (Mascot and Sequest). Ninety-four percent of the proteins were identified by both algorithms (2768 proteins were identified by both Mascot and Sequest and 180 proteins were unique to Sequest), ensuring the reliability of protein identification. Proteins identified in PAM samples were twice as numerous as in UM samples (1876 vs 965) due to the higher number of human proteins in PAM samples and because of the differences in sample origin ( peripheral blood for UM vs placental blood for PAM) that are likely to arise. The number of Plasmodium proteins (672 vs 762) and their cellular localization were similar in UM and PAM samples (Figure 1 ). Membrane proteins represented approximately 15% of all proteins in both groups; 18% to 28% of proteins were not annotated.
Human membrane proteins were identified in all samples from both groups, demonstrating the ability to identify membrane proteins ( Table 1) . Table 1 shows parasite proteins expressed at the membrane of erythrocytes infected by mature parasites that were identified in all samples, demonstrating a similar maturation stage.
Identification of Proteins Differentially Expressed in the Two Parasite Populations
Differences in protein expression profiles between PAM and UM samples were evaluated using a semiquantitative approach by computing emPAI values for all proteins [20] .
The 20 samples yielded 1139 Plasmodium proteins identified in at least 1 sample. We focused on 454 of these (40%), identified as either membrane-associated (N = 154) or hypothetical (N = 300) proteins.
We first conducted an exploratory analysis by unsupervised clustering methods. None of the methods (hierarchical clustering, k-means, SOM, and PCA) allowed partitioning of data into clusters corresponding to the PAM and UM groups ( Figure 3A and Supplementary Figure 1 ). This was expected given the overwhelming number of features ( proteins) relative to the number of samples, leading to the so-called curse of dimensionality. We combined 3 filter-based methods to select the subset of proteins that best discriminated PAM from UM samples. From the 454-protein set, Fisher filtering, runs filtering, and ReliefF selected subsets of 61, 24, and 72 proteins, respectively ( Table 2 ). Protein lists produced by the different methods largely agreed: 72%-85% of proteins were common to 2 or 3 lists. We compiled these results and generated a new list of proteins selected by at least 2 filter techniques. This led to a fourth list of 53 proteins.
To select proteins likely to be of biological significance, we evaluated the performance of the different feature subsets with supervised classification methods. Since different types of classifiers can respond differently to the same input data, 5 classification tools were used, including the classification tree (CART), kNN, MPNN, RBFNN, and SVM methods. We estimated the prediction accuracy of the list of 53 proteins together with the 3 protein lists produced by the individual filters and compared the results with those obtained with the initial set of 454 proteins (ie, before filtering; Table 3 ). Among the different feature subsets, the best classification results were always obtained with The expression of selected erythrocyte membrane skeleton proteins is shown as control. the 53-protein consensus list, with a correct classification rate ranging from 85% (3/20 samples misclassified) to 95% (a single sample misclassified). The best classification accuracy was achieved by kNN, MPNN, and SVM methods, which only misclassified the PAM4 sample as UM. In addition to this error, the CART method misclassified the UM AS3 sample as PAM, and the RBFNN method made a third error by assigning UM status to the PAM HM037 sample. Unsupervised hierarchical clustering of the 20 samples based on their expression profiles for the 53 discriminatory proteins confirmed these results by partitioning the samples into 2 main clusters that corresponded to PAM and UM groups. The exception was PAM4, which clustered with the UM samples, and HM037, which branched outside the 2 main clusters. Two main clusters of proteins emerged: the first included 40 proteins underexpressed in PAM samples and the second included 13 proteins overexpressed in PAM (Figure 2 , Table 4 ). Similar results were obtained with the 2 other clustering methods (Supplementary Figure 2 ). Similarity in protein expression profiles among the 20 samples was graphically summarized in a 2dimensional scatterplot of the 2 first principal components of the PCA ( Figure 3B ). The first principal component (PC1), accounting for 41% of total variation, showed a clear-cut separation between PAM and UM samples. Again, PAM4 was closer to UM than to PAM samples. Classification accuracy was estimated as the overall number of correctly classified samples divided by the total number of samples through a leaveone-out cross-validation procedure. The highest classification accuracy achieved by each of the 5 classification algorithms is shown in bold. Figure 4 . Search Tool for the Retrieval of INteracting Genes (STRING 9.0)-generated network of pregnancy-associated malaria (PAM)-associated proteins. The map shows the confidence view of the network, with stronger associations being represented by thicker (blue) lines. The proteins are identified by their gene names located near each sphere. The number 1 indicates the proteins identified by liquid chromatography with tandem mass spectrometry analysis. The number 2 indicates the proteins that the encoding genes identified as being associated with PAM by Vignali [14] . The number 3 indicates the PAM-associated proteins identified by Fried [15] . 
DISCUSSION
We used a mass spectrometry-based proteomic approach to compare membrane and hypothetical proteins of P. falciparum parasites from 2 clinical forms of malaria (PAM and UM). Our aim was to identify membrane-associated proteins specifically associated with or overexpressed in PAM. Analysis by LC/MS/ MS of 10 blood samples from each population may be considered as repeats and controls, providing greater confidence in the data. Their comparison identified 1139 Plasmodium proteins, of which 454 were membrane or hypothetical proteins. The high dimensionality of data, which arose from the large number of features ( proteins) compared with the relatively small number of samples, poses a great challenge in identifying the proteins that best discriminate the 2 classes of parasites. The use of an efficient feature-selection technique seems to be an appropriate approach for reducing dimensionality and for improving the interpretability of results. Such methods are increasingly used in microarray and mass spectrometry domains [42, 43] . Instead of choosing a single feature-selection method, we used 3 methods based on univariate (Fisher ANOVA and runs test) or multivariate (ReliefF) filtering. The success of each subset of features as a classifier was evaluated through supervised classification analysis using 5 tools, after which the best set was kept. This set included 53 differentially expressed proteins, which discriminated PAM and UM samples with high classification accuracy. Unsupervised analysis, including clustering and PCA, was then performed to further evaluate the discriminatory power of the selected subset. The expression profiles of the 53 proteins allowed the partitioning of samples according to their clinical status, except for PAM4 and HM037. This high discriminatory power strengthens the relevance and validity of the selected subset. Interestingly, the donors of both samples presented lower parasite density (8000 parasites/µL) than the others (69 750 parasites/µL). HM037 came from a multiparous woman who delivered a normal-weight baby; an overall small number of membrane proteins were identified (4.4% of membrane proteins vs 15% in the other samples). This may explain why PAM-specific proteins, such as VAR2CSA and PFI1785w (see below), were not identified in PAM4 and why HM037 did not cluster with any of the other samples in the hierarchical clustering analysis (Figure 2) .
Interestingly, among the proteins that showed the most contrasting expression pattern between PAM and UM samples, 5 of the proteins overexpressed in UM belong to the RIFIN family (Table 4 ). Their alignment revealed a conserved motif typical of the RIFIN A group [44] and the presence of 3 transmembrane domains. RIFIN proteins were identified in PAM samples, but only with 1 or 2 peptides and not in all samples. Conversely, RIFIN were identified in all UM samples with several peptides. It is also possible that RIFIN from 3D7 genotype do not match the field isolates.
Among the proteins identified as predictive of PAM, the VAR2CSA protein appeared in 4 independent identifications ( Figure 2 , Table 4 ). VAR2CSA is specifically expressed by PAM parasites [11, 45] and is currently the leading candidate for an anti-PAM vaccine. It can therefore be considered a positive control. In addition to PfEMP1, 6 other proteins were identified as predictive of PAM (Table 4 ). Merozoite surface protein-1 (MSP1) is also a target for malaria vaccine because of its involvement in invasion [46] . PFI1785w and PF14_0018 belong to the Plasmodium helical interspersed subtelomeric protein family, a family of proteins proposed to serve as interaction modules that link parts of the parasite intra-erythrocyte protein network and trafficking to the erythrocyte membrane [15, 47] . The gene encoding PFI1785w is overexpressed in PAM isolates, as shown in transcriptome studies [12, 13, 15] . A proteomic study also pointed out the higher abundance of PFI1785w protein in PAM isolates from Tanzania and confirmed its presence by western blot [15] . It is noteworthy that the PFI1785w protein is the most correlated with the first axis of the PCA (correlation coefficient r 2 = 0.73) that clearly distinguished PAM from UM samples (Supplemental Figure 3) . The VAR2CSA protein follows right behind. Although localization and function of PFB0115w are unknown, it was suggested that this protein is involved in proteins that traffic within the erythrocyte by alternate export pathways [12] . PFB0115w has been described as overexpressed in PAM parasites in Tanzania at both the gene and protein levels [14, 15] . Our findings on parasites isolated from pregnant women from West Africa corroborate previous observations made with a similar technology on parasites from East Africa. PFA_0410w and PFF0325c are conserved Plasmodium proteins with unknown function. Figure 4 shows the network of protein-protein interactions built using the STRING database [41] , with the 7 proteins identified as predictive of PAM in this study as well as PFD1140w, PFL0050c, PFE1640w (var1csa), and MAL13P1.470, for which the corresponding genes where found overexpressed in PAM [14] . Interestingly, all proteins were connected in the same network with a score of 0.40. The PF14_0018 appears to be closely associated with AMA1 and PFA_0440w, and PFA_0440w is directly linked to PFF0325c protein. ETRAMP5 protein seems to be essential to link PFA_0410w with the remaining proteins, suggesting its submembrane localization. In this network, PFI1785w is a direct partner of VAR2CSA and is probably extracellular with 1 transmembrane domain and 1 PEXEL motif. Conversely, PFB0115w, which is associated with PFI1785w, is probably a submembrane protein and indirectly linked to VAR2CSA.
These proteomics data demonstrate the involvement of selected proteins in the pathophysiology of PAM, providing new insights for the definition of potential new targets for a vaccine against PAM.
